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The objective of this work is to identify characteristics of different metrics of exposure for
quantifying multi-modal travel injury risk. First, a discussion on the use of time-based and
trip-based metrics for road user exposure to injury risk, considering multiple travel modes,
is presented. The main difference between a time-based and trip-based metric is argued to
be that a time-based metric reflects the actual duration of time spent on the road exposed
to the travel risks. This can be proven to be important when considering multiple modes
since different modes typically different speeds and average travel distances. Next, the
use of total number of trips, total time traveled, and mode share (time-based or trip-
based) is considered to compare the injury risk of a given mode at different locations. It
is argued that using mode share the safety concept which focuses on absolute numbers
can be generalized. Quantitative results are also obtained from combining travel survey
data with police collision reports for ten counties in California. The data are aggregated
for five modes: (i) cars, (ii) SUVs, (iii) transit riders, (iv) bicyclists, and (v) pedestrians.
These aggregated data are used to compare travel risk of different modes with time-
based or trip-based exposure metrics. These quantitative results confirm the initial quali-
tative discussions. As the penetration of mobile probes for transportation data collection
increases, the insights of this study can provide guidance on how to best utilize the added
value of such data to better quantify travel injury risk, and improve safety.
 2016 Tongji University and Tongji University Press. Publishing Services by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).1. Introduction
Travel injury risk, defined as the number of injuries (or deaths) per unit of exposure, is often used to report on the safety
of traveling on roadways. Commonly available metrics for quantifying exposure to travel injury risk include total distance
traveled; total number of trips made; and total population. Additional exposure metrics such as travel time are sometimes
available too, but are not commonly used. When considering travel injury risk of a single mode for a single jurisdiction with a
homogeneous population, the choice of exposure metrics is often irrelevant due to the similar travel speeds, travel distances
and mode share. However, when considering multiple modes, multiple jurisdictions, or regions with very heterogeneous
population profiles, there is a lack of understanding of the implications of using different exposure metrics. The speed dif-
ference between modes, and the different travel characteristics, can significantly alter the relative magnitudes of different
S.I. Guler, O. Grembek / International Journal of Transportation Science and Technology 5 (2016) 28–37 29exposure metrics. This in turn may change the comparison of risk between different travel modes. Also, the mix of modes at
different regions can change how different modes interact with each other, changing the travel injury risk of a given mode.
The data for these exposure metrics are typically obtained using household transportation surveys administered by a
combination of mail and telephone data collection instruments. In addition to being costly, such surveys are also limited
in their ability to capture valuable exposure metrics such as travel time. While some countries and regions are able to reli-
ably collect travel time as part of their surveys, many other countries and agencies have to resort to focusing on distance
traveled, number of trips, and population as exposure metrics. Recent technological advances in mobile technology provide
the opportunity of using mobile probes for transportation data collection. As the penetration rate of these mobile probes
increases, more accurate data on travel behavior of individuals, including travel times and mode choices, will become avail-
able in many locations around the world.
While there is some literature investigating different exposure metrics, these studies commonly focus on a single location
or a single mode, but no study has investigated exposure across modes and locations. Hence, there is no comprehensive
study on identifying metrics to quantify differences in travel injury risk for different modes or locations. In light of this,
in order to maximize the opportunities of using mobile probes, there is a need to investigate the use of different metrics
of exposure for comparing travel injury risk across modes or across locations. Specifically, time-based and trip-based expo-
sure risks are qualitatively and quantitatively analyzed. The discussion specifically focuses on a time-based metrics ability to
provide more insights into different modes’ travel characteristics. The remainder of the paper is organized as follows. Sec-
tion 2 presents a discussion of the different metrics used in the literature to compare travel injury risk of different modes for
a single location (comparison across modes), or a single mode at different locations (comparison across locations). Following
this literature review, in Section 3 a discussion on the results of using time-based or trip-based exposure metrics for com-
paring travel injury risk across different modes and locations, respectively, is presented. Section 4 discusses the data used to
quantitatively analyze these arguments. In Section 5 the analysis on associations between exposure and risk is shown. Sec-
tion 6 presents some concluding remarks along with future research directions.
2. Literature review
Though papers investigating different exposure metrics exist in the literature (Chu, 2003; Chipman et al., 1992, 1993;
McAndrews, 2011; McAndrews et al., 2013), these studies focus on a single location, or single mode to highlight the differ-
ence between exposure metrics. Chu (2003) identified three exposure metrics: population-based, time-based and distance
based; and across these three metrics compared the risk of travel by walking and motor vehicles in the United States. As
a result of this comparison, the authors concluded that a time-based metric better captured the difference in speeds between
the modes. Chipman et al. (1992) explored the differences in time versus distance as exposure metrics. Chipman et al. (1993)
looked at the use of number of drivers, total distance traveled and total time traveled as the exposure metric for identifying
crash rates using data collected in Ontario, Canada. These two studies concluded that the resulting crash rates obtained using
these different metrics are not comparable and hence, the exposure metric to be used should be chosen carefully. However,
these works only considered car users and did not look at multiple modes. McAndrews (2011) compared the traffic death
rates in San Francisco and Stockholm using population, total distance traveled and total time traveled as the exposure met-
rics. The author reviewed three different modes: motor vehicle occupants, pedestrians, and bicyclists. The results showed
that the three different exposure metrics can lead to significantly different results when comparing risk across modes.
While multi-modal analysis also exists in the literature (Beck et al., 2007; Kweon and Kockelman, 2003), these studies use
only a pre-determined exposure metric. A multi-modal analysis which used person-trips as the exposure metric was
employed in Beck et al. (2007) which compared the nonfatal injury rates for different modes in the United States. The authors
found that motorcyclists had the highest fatality rate, followed by vehicle occupants, bicyclists and pedestrians. However,
this study is limited in that it only used the number of trips as its exposure metric. Another study looked at understanding
the difference in travel injury risk across different vehicle types using vehicle miles driven for each mode as the exposure
metric (Kweon and Kockelman, 2003). That research provided travel injury risk of different vehicle types and crash cate-
gories. McAndrews et al. (2013) looked at using person-trips, person-minutes and person-miles as the explanatory variable
to evaluate multi-modal travel injury risk in Wisconsin. The authors compared the different metrics across different demo-
graphic groups.
The main body of literature on multi-modal injury risk analysis is conducted under the topic of safety in numbers. Safety
in numbers is based on the conjecture that people traveling by certain modes, specifically bicyclists and pedestrians, would
have lower travel injury risks as the exposure increased. To this end, performance functions to describe the variation in travel
injury risk using different explanatory variables are often presented in the literature. The explanatory variables used vary
largely are: average distance traveled by a given mode (Jacobsen, 2003; Robinson, 2005; Pucher and Dijkstra, 2003;
McAndrews, 2012); total number of users of a given mode (Jacobsen, 2003; Geyer et al., 2006); mode share (Jacobsen,
2003); total time traveled by a given mode (Tin et al., 2010); and conflicting pedestrian and vehicle flows (Leden, 2002). Also
while some of these studies looked at comparing travel injury risk across different locations (Jacobsen, 2003; Robinson,
2005; Geyer et al., 2006; Leden, 2002) others looked at time-series analysis for a given location (Jacobsen, 2003; Tin
et al., 2010). In these studies, the reason for the choice of the explanatory variable is often missing and could be restricted
by the availability of data. The variation in methods and variables used makes it difficult to compare the results of these stud-
ies to determine a comprehensive analysis on how to reduce travel injury risk, especially for non-motorized modes. This
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clists (or pedestrians) leading to a modification in driving behavior is premature. Even though causality cannot be inferred,
the observed trends in the safety in numbers literature still hold.
3. Choice of metrics
There is a lack of understanding about the appropriate metric of exposure to use when comparing travel injury risk of dif-
ferent modes at one location (comparison across modes) or of different modes across multiple locations (comparison across
locations). As mentioned earlier, the choice of exposure metric is not crucial when considering travel injury risk of a single
mode. This is true since, for a single given mode, the travel characteristics of individuals would be similar, especially for rel-
atively homogeneous population characteristics. For example, if looking solely at the car mode, the distances traveled by car
and the average speeds of car travel are often similar, and highly correlated, among different users. Therefore a time-based, a
distance based or a trip-basedmetric can be derived fromeach other and can reveal similar qualitative resultswhen comparing
travel risk of using the car mode at different locations. However when considering multiple modes (or heterogeneous popu-
lations), the varied travel characteristics of these differentmodes should be taken into consideration. For example, a pedestrian
will often travel more slowly and a shorter distance than a car user. These differences in travel characteristics can significantly
alter the magnitudes of a time-based, a distance-based, or a trip-based exposure metric. Therefore it is important to highlight
the differences in exposure metrics when comparing travel injury risk across different modes or counties.
3.1. Comparing travel injury risk across modes
When comparing travel injury risk of different modes, the duration for which travelers are subject to travel risk can be
important. Given two individual trips, the one which lasts longer would be subject to the travel risk for a longer duration,
making it more likely that a safety-critical incident would happen. For example, private motorized vehicles typically travel
at higher speeds as compared to public transportation, bicycling or walking modes. Hence if the same distance is traveled by
car versus bicycle, the car user will be on the roadway for a shorter duration of time. Assuming that these trips are completed
on roadways with similar urban use, this means that the car user will be exposed to travel injury risk on the roadway for a
shorter duration of time. Looking at a trip-based exposure metric would not recognize these differences and inherently
assume that both modes are exposed to their individual mode’s injury risks equally. However, since the bicyclist will be
on the roadway for a longer duration, she will be exposed to the injury risk associated with a bicyclist for longer. To sum-
marize, particularly when comparing the travel injury risk associated with different modes, a time-based metric can high-
light the differences in travel characteristics of different modes.
However, it is more difficult to understand how a time-based exposure metric would compare with a distance-based one.
While private motorized modes travel at higher speeds, these modes also usually travel greater distances. Therefore, given
the same duration of travel, a private motorized trip can cover a greater distance than a walking or bicycling trip. In this case
it is not clear how the distance traveled and the time spent traveling would compare for different modes.
3.2. Comparing travel injury risk across locations
The second comparison is of travel injury risk of multi-modal traffic across different locations. To do so, we introduce the
time-based mode share, which is the percentage of time traveled via a particular mode to the total time traveled, as a pos-
sible explanatory variable for changes in travel injury risk. A time-based mode share is a good indicator of the presence of a
given mode on the roadway. The time-based mode share could be thought of as the mix of modes that a person traveling by a
given mode for a given duration would encounter. This is an important metric since it not only provides insights into the
allocation of road space across modes, but also into the awareness of trip makers on the presence of other modes on the road
space. This metric takes into account the differences travel characteristics of the modes by being time-based, and also
accounts for the relative exposure of each mode by including the mode share. Omitting this consideration can alter the
results of the analysis significantly since analyzing only absolute numbers of exposure can be misleading if the other modes’
share is significantly different across the counties compared.
We also compare the classic definition of trip-based mode share with a time-based definition which can be significantly
different due to the differences in typical speeds and travel distances of modes. A trip-based metric would predict higher
shares of a mode with higher speeds or shorter travel distances as compared to a time-based mode share. Since different
modes have different combinations of typical speed and travel distances, the comparison between a time-based and a
trip-based mode share is unclear. For example, walking trips are often slower and shorter, while car trips are faster and
longer.
4. Data
This section describes the data collected for both the travel injury risk and the exposure metrics. To determine the expo-
sure data, two household travel surveys from California were used: the 2000 Bay Area Travel Survey (BATS), and the 2001
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and summary statistics can be found in MORPACE International (2002) and NuStats (2003), respectively.
The counties of Alameda, Contra Costa, San Francisco, and Santa Clara from the BATS and Imperial, Los Angeles, Orange,
Riverside, San Bernardino, and Ventura from the SCAGRTS were chosen for analysis. These counties were chosen since they
are relatively large, and there exists a spread of mode share across them. The household travel surveys collected a diary of all
trips made for two days for randomly selected households (15,066 households in BATS 2000 and 20,000 households in
SCAGRTS 2001). The data included all trips made by all household members for the two days including origins, destinations,
start and end times of trips and mode used. Also weights describing how many households each observation represents are
provided in the dataset. Using these weights, the dataset can be extrapolated to represent the travel characteristics of the
entire population. The travel mode and duration for each trip leg was obtained from this comprehensive dataset. The origins
and destinations of trips were not used to calculate the distance traveled since intermediate stop locations were not pro-
vided, and these calculations were found to be unreliable. These data (travel for travelers older than age 5) were then aggre-
gated at the county level through the use of the provided weights. Finally, the data were compiled to represent the total time
traveled by each mode per day for the specified counties. Also, using the total time traveled by each mode, the time-based
mode share can be determined for each county.
This compilation of total time traveled and time-based mode share can be found in Table 1. The table shows the total
time traveled (columns labeled: Time, h) by each mode in hours and the share of different modes (columns labeled: %)
for the ten counties listed. While the standard errors of these estimates were also calculated, they remained within 3% of
the estimates for all data presented and hence are not reported here for simplicity purposes. The travel times for the
different modes were consistent and reasonable across regions (the average for car and SUV was 33 min, for transit
was 50 min, for bicycles was 23 min, and for pedestrians was 17 min). The mode shares in different counties followed
our expectations. Orange, Ventura, and Los Angeles counties have the highest share of cars while San Francisco has the
smallest. It is interesting to note that while Alameda has the second smallest mode share of cars, there is still a large
gap in mode share of cars between San Francisco and Alameda (15% difference). Using the travel survey data, total num-
ber of trips by mode per day (columns labeled: # of Trips) and a trip-based mode share (columns labeled: %) were also
obtained, as shown in Table 2.
Crash data for the risk metric were obtained from the Statewide Integrated Traffic Reporting System (SWITRS) data-
base, which is a census of police collision reports from the California Highway Patrol. This dataset consists of a record of
all traffic crashes in which injuries (fatal or non-fatal) occurred on all California roadways. From this database, the total
number of injuries suffered by different modes for each county of interest over five years (2005–2009) was identified.
The 2005–2009 crash data were chosen since only aggregate state-wide data were accessible for 2000–2004 and no
detailed county data were available. The assumption here is that if the relative share of injuries did not change, the data
can still be used to evaluate which exposure metric performs better. To validate the use of the 2005–2009 data they
were compared with the proportion of injuries across modes for California during 2000–2004 which showed that indeed
the percent of injuries for pedestrians, bicycles, cars, and transit remained the same. Please note, however, that the crash
data limitation restricts our ability to take the regression coefficients in Section 5 at face value, but rather as a compar-
ative analysis based on the relative performance of models with different exposure metrics. A summary of this data can
be found in Table 3.
5. Quantitative comparisons of exposure metrics
This section quantifies the travel injury risk of different modes with the ten counties considered, and across the multi-
modal travel injury risk across the different counties. Different time-based and trip-based exposure metrics are used to iden-
tify the differences in travel injury risk across modes and across counties in the two following subsections.Table 1
Total time traveled per day (time, in hours) and the time-based mode share (%).
County Car SUV Transit Bicycle Pedestrian
Time (h) % Time (h) % Time (h) % Time (h) % Time (h) %
Alameda 1,635,520 46.6 961,013 27.4 578,399 16.5 69,946 2.0 266,391 7.6
Contra Costa 1,068,877 49.2 730,211 33.6 222,626 10.3 23,194 1.1 126,328 5.8
Imperial 60,443 50.7 43,047 36.1 5236 4.4 419 0.4 10,072 8.4
Los Angeles 5,100,080 55.7 2,682,087 29.3 516,238 5.6 57,127 0.6 793,623 8.7
Orange 1,430,048 58.9 780,055 32.1 60,378 2.5 19,378 0.8 138,257 5.7
Riverside 713,948 51.2 518,458 37.2 77,906 5.6 6363 0.5 76,457 5.5
San Bernardino 748,627 52.3 512,983 35.8 75,021 5.2 6236 0.4 87,550 6.1
San Francisco 784,475 31.4 417,809 16.7 945,073 37.8 40,330 1.6 310,050 12.4
Santa Clara 2,113,606 53.5 1,280,459 32.4 294,569 7.5 47,471 1.2 212,145 5.4
Ventura 292,642 57.1 174,997 34.1 11,900 2.3 5072 1.0 28,087 5.5
Table 2
Total number of trips per day (# trips) and the trip-based mode share (%).
County Car SUV Transit Bicycle Pedestrian
# of trips % # of trips % # of trips % # of trips % # of trips %
Alameda 2,421,835 43.6 1,486,723 26.7 602,903 10.8 163,500 2.9 880,562 15.8
Contra Costa 1,710,939 50.8 1,097,245 32.6 210,244 6.2 31,626 0.9 317,542 9.4
Imperial 126,245 46.2 100,655 36.8 8489 3.1 2610 1 35,186 12.9
Los Angeles 9,931,399 51.3 5,335,845 27.5 758,952 3.9 182,374 0.9 3,154,118 16.3
Orange 3,060,125 54.8 1,756,219 31.4 113,708 2 78,120 1.4 573,449 10.3
Riverside 1,464,024 49.2 1,036,693 34.8 130,145 4.4 21,275 0.7 324,963 10.9
San Bernardino 1,526,217 50.7 1,043,608 34.7 130,783 4.3 22,538 0.7 284,145 9.4
San Francisco 1,013,529 27.4 533,420 14.4 1,059,592 28.6 82,184 2.2 1,012,235 27.3
Santa Clara 3,360,457 53 1,924,773 30.4 326,778 5.2 112,929 1.8 610,775 9.6
Ventura 692,344 51.7 455,071 34 25,184 1.9 20,252 1.5 147,249 11
Table 3
Total number of injuries suffered by mode and county.
County Mode
Car SUV Transit Bicycle Pedestrian
Alameda 16,580 2196 235 2570 2733
Contra Costa 9498 1521 86 1091 1072
Imperial 1429 490 9 130 144
Los Angeles 125,376 18,109 1810 14,896 22,219
Orange 1429 6538 386 4958 3602
Riverside 24,501 6533 205 1674 1791
San Bernardino 25,665 6137 218 1354 2049
San Francisco 5319 561 278 1784 3412
Santa Clara 13,447 1715 93 2967 2167
Ventura 7790 1820 25 1255 886
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Here, the travel injury risk of each mode is calculated and compared to the risk of other modes within each county. The
travel injury risk of a given mode is calculated using Table 1 together with Tables 2 and 3. Travel injury risk for the two expo-
sure metrics (total time traveled in million hours; and total number of trips in millions) is shown in Table 4 for different
modes in the ten counties of interest. The 95% confidence intervals for all estimates are also presented in parenthesis and
are calculated as in Kochanek et al. (2004). The crash risk is assumed to be drawn from a Poisson distribution, and the uncer-
tainty in the travel surveys is accounted for by calculating standard errors using the sample weights provided. The confi-
dence intervals for the ratios are calculated using a first-order Taylor series approximation and a gamma distribution as
described in Beck et al. (2007).
The results show that while the bicycle mode always has the highest travel injury risk, the number of injuries per travel
time varies widely across the different counties. On the other hand, even though for some counties the confidence interval of
the estimate for the transit mode also contains zero (due to the low number of crashes observed) it appears to be the safest.
However, it is important to note that the total travel time by transit also includes the access time to this mode. Therefore
while the travel times by this mode are slightly over-predicted, the risk of travel by this mode is under-predicted. It is inter-
esting to note that with a time-based exposure metric, walking is safer than the car mode in several counties including Impe-
rial (even though the confidence interval for pedestrians slightly overlaps with that of cars), Riverside, and San Bernardino
which have relatively high car mode shares. This is not the case when a trip-based exposure metric is used. With the trip-
based exposure metric, while the bicycle mode remains the most risky, it is followed by the car mode, and walking is safer
than the car mode. To summarize, the comparison of the relative safety of modes (how safe each mode is as compared to
other modes) significantly differs for the different counties considered when a time-based metric is used compared with
a trip-based metric.
To highlight how the time-based metric and trip-based metric compare, an average travel injury risk for the ten counties
is calculated. The average travel injury risk for the individual modes is then normalized with respect to the car mode so that
the relative risk, which is defined as how much more likely an individual is to get injured by traveling in a given mode com-
pared with traveling by car per unit of exposure, is determined. The relative risk of different modes calculated using total
time traveled versus total number of trips as the exposure metric can be seen in Fig. 1. The crosses represent the relative
risk when using total time traveled as the exposure metric and the values of relative risk can be found to the left of these
points in bold. The squares represent the relative risk when using total number of trips as the exposure metric and the values
for relative risk can be found to the right of these points in italics. This figure shows that bicycling is the riskiest mode of
Table 4
Travel injury risk (number of injuries per million hours of travel or per million trips) by mode and county.
County Exposure metric Number of injuries per exposure metric
Car SUV Transit Bicycle Pedestrian
Alameda
Time (million hours)
5.55 1.25 0.22 20.13 5.62
(4.7,6.4) (0.9,1.6) (0.02,0.4) (15.5,24.8) (4.2,7.0)
Contra Costa 4.87 1.14 0.21 25.77 4.65
(4.3,5.4) (0.7,1.5) (0.2.0.6) (15.7,35.8) (2.9,6.4)
Imperial 12.95 6.24 0.94 169.83 7.83
(8.6,17.3) (3.6,8.9) (1.4,3.3) (95.3,244.3) (1.4,14.3)
Los Angeles 13.47 3.7 1.92 142.88 15.34
(13.1,13.8) (3.4,3.9) (1.4,2.4) (133.7,152.0) (14.1,16.6)
Orange 13.84 4.59 3.5 140.19 14.28
(13.2,14.4) (4.1,5.1) (1.9,5.1) (128.7,151.6) (10.9,17.6)
Riverside 18.8 6.9 1.44 144.16 12.84
(17.6,19.9) (6.1,7.7) (0.4,2.5) (123.4,164.9) (10.6,15.0)
San Bernardino 18.79 6.56 1.59 118.97 12.82
(17.6,19.9) (5.8,7.3) (0.4,2.8) (96.9,141.0) (7.3,18.4)
San Francisco 3.72 0.74 0.16 24.24 6.03
(3.1,4.3) (0.3,1.2) (0.1,0.3) (15.4,33.0) (4.7,7.4)
Santa Clara 3.49 0.73 0.17 34.25 5.6
(3.2,3.8) (0.5,0.9) (0.02,0.4) (21.3,47.2) (3.0,8.2)
Ventura 14.59 5.7 1.15 135.59 17.28
(12.7,16.4) (4.6,6.8) (0.9,3.2) (103.8,167.4) (12.3,22.3)
Alameda
Trip (millions)
3.75 0.81 0.21 8.61 1.7
(3.7,3.8) (0.7,0.9) (0.19,0.25) (8.2,9.0) (1.6,1.9)
Contra Costa 3.04 0.76 0.22 18.9 1.85
(2.9,3.1) (0.7,0.8) (0.2,0.3) (18.0,20.0) (1.6,2.0)
Imperial 6.2 2.67 0.58 27.29 2.24
(5.9,6.5) (2.4,2.9) (0.2,1.0) (22.6,32.0) (1.9,2.6)
Los Angeles 6.92 1.86 1.31 44.76 3.86
(6.9,7.0) (1.8,1.9) (1.3,1.4) (44.0,45.5) (3.8,3.9)
Orange 6.47 2.04 1.86 34.78 3.44
(6.4,6.5) (2.0,2.1) (1.7,2.0) (33.8,35.7) (3.3,3.6)
Riverside 9.17 3.45 0.86 43.11 3.02
(9.1,9.3) (3.4,3.5) (0.7,1.0) (41.0,45.2) (2.9,3.2)
San Bernardino 9.21 3.22 0.91 32.92 3.95
(9.1,9.3) (3.1,3.3) (0.8,1.0) (31.2,34.7) (3.8,4.1)
San Francisco 2.88 0.58 0.14 11.89 1.85
(2.8,2.9) (0.5,0.6) (0.1,0.2) (11.1) (12.5)
Santa Clara 2.19 0.49 0.16 14.4 1.94
(2.1,2.2) (0.4,0.5) (0.1,0.2) (13.9,14.9) (1.8,2.0)
Ventura 6.17 2.19 0.54 33.95 3.3
(6.0,6.3) (2.1,2.3) (0.3,0.8) (32.1,35.8) (3.1,3.5)
Fig. 1. Relative travel injury risk of modes compared against the car mode for two exposure metrics: (a) Total time traveled; and (b) Total number of trips.
S.I. Guler, O. Grembek / International Journal of Transportation Science and Technology 5 (2016) 28–37 33
34 S.I. Guler, O. Grembek / International Journal of Transportation Science and Technology 5 (2016) 28–37travel and that the risk is significantly higher than that associated with travel by any other mode. However, when compared
with the car mode, the bicycle mode is predicted to be 6.23 times more likely to result in an injury if a time-based metric is
used, compared with 4.34 when a trip-based metric is used. There is an obvious discrepancy in the predictions of these two
metrics. Another difference can be observed between the two exposure metrics when comparing walking to the car mode.
While walking has relatively the same risk as the car mode when a time-based metric is used, the risk of walking is predicted
to be about half that of traveling by car when a trip-based metric is used. While these comparisons are observed at the aggre-
gate level, similar conclusions can be drawn at the individual county levels as well. At the county level, the ratio of the rel-
ative safety of the transit mode predicted by the time-based exposure to the trip-based exposure is between 59% and 89%,
between 93% and 112% for SUV’s; 157% and 252% for pedestrians, and between 150% and 297% for bicyclists. The literature
on the perceived risk of travel by different modes corroborate the assertion that bicycling is significantly riskier than driving
or walking, while the latter two modes are perceived to have similar travel injury risk. Sanders (2013) shows that while sim-
ilar percentages of people feel safe walking and driving on commercial streets (72% and 81%, respectively), the percentage of
people who feel safe bicycling is significantly lower (28%). The results of this work (Sanders, 2013) qualitatively match with
the results shown in Fig. 1. A study on perceptions of travel injury risk of different modes demonstrates that perceptions
closely follow reality, confirming the validity of qualitatively comparing the travel injury risk data to perceptions of safety
(Elvik and Bjornskau, 2005). Given these arguments, using a time-based exposure metric could provide a better perspective
on travel injury risk.
Elvik and Bjornskau (2005) also compare a relative realized fatality rate (using a distance based metric) with a relative
perceived fatality rate. The results show that while these two values match closely for most modes, the realized risk is
greater than the perceived risk for walking and bicycling. While a distance based metric was not available for our analysis,
an informed guess about how this metric would have performed compared with the findings shown in Fig. 1 can be made. If
a distance based metric were used to determine the average travel injury risk, we would expect to find a greater risk for
walking or bicycling than those predicted by a time-based metric. This assumption is justified by quantitative results (which
will be presented in the following section) which show that compared with the car mode people travel on average shorter
distances walking or bicycling. Combining this with the slower speeds of these two modes implies that the relative magni-
tude of exposure for these two modes would be even smaller if a distance based metric was used compared against a time-
based metric. Hence, if Elvik and Bjornskau (2005) had used a time-based metric, the relative realized risk for bicycling and
walking modes would be lower and would have better matched the perceived risk for these modes.
If a figure similar to that of Fig. 1 was plotted using a distance based metric, the even greater relative risks of walking and
bicycling would have conflicted with the literature on the perceived risk of travel by these modes (Sanders, 2013). Therefore,
the results presented in Fig. 1 imply that a time-based metric provides results which are better aligned with the perceived
risk of travel injury than a distance based (and also a trip-based) one.
5.2. Comparing travel injury risk across locations
For any given travel mode, there exists a wide range of values for the travel injury risk across counties. Consequently, next
we compare the travel injury risk of a given mode across the different counties of interest, using a similar approach as
applied in the safety in numbers literature described in Section 2. According to the literature, the classic approach would
be to use total time traveled (since risk is defined as injuries per total time traveled) as the explanatory factor to identify
the differences in travel injury risk for a given mode across different counties. However, here we will explore the use of four
different explanatory variables: total number of trips via given mode; total time traveled via given mode; trip-based mode
share; and time-based mode share. The ten different locations will be used as the data points to determine estimates of four
different models explaining travel injury risk based on these explanatory variables.
However, first it is important to understand how a trip-based mode share compares to a time-based mode share. This
comparison is shown in Fig. 2. For the points lying above the diagonal line, a trip-based metric predicts a higher mode share
than a time-based one, and the opposite holds for points below the diagonal line.
This figure shows that the mode share of walking varies significantly for the two metrics. All points for this mode lie
above the diagonal line, meaning that a trip-based metric over predicts this mode’s share. This implies that pedestrian trips
are significantly shorter in duration than other trips made on other modes. Since the pedestrian mode is much slower than
all the other modes, the reason for the duration of trips being shorter is that pedestrian trips are generally of shorter dis-
tances. Hence, the over-prediction would be expected to be even more pronounced if a trip-based metric were compared
with a distance based one. These results are expected in California since the counties within the scope of this study exhibit
more suburban land use patterns, and lack public transportation options.
Bicyclists are similar to the pedestrians, since their mode share is also over-predicted using the trip-based metric com-
pared with the time-based metric. However, the difference between the two metrics is less pronounced since bicycles’ mode
shares are very small.
A significant difference between the two exposure metrics can also be observed for the transit mode. As shown in the
figure, all the points for this metric lie below the diagonal line, indicating that a trip-based metric under predicts the share
of this mode compared with a time-based metric. This implies that transit trips are on average longer in duration. People
often travel similar (or shorter) distances on transit and hence the difference in the mode share for the two metrics can
be attributed to the transit mode being slower than other modes. However, the travel time data for the transit mode also
Fig. 2. Trip-based versus time-based mode share.
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mode share predictions of a time-based and trip-based metric could be closer than found in this study.
For the SUV and car modes, the points lie close to the diagonal implying that these two modes’ travel times are represen-
tative of the average travel time in their respective counties. Hence the trip-based and time-based metrics produce similar
mode shares.
We can now continue to explore the use of different explanatory variables to describe differences in travel injury risk
across different counties. As mentioned above, the four different explanatory variables are: total number of trips via a given
mode; total time traveled via a given mode; trip-based mode share; and time-based mode share. The independent variable
considered is the travel injury risk for each county, and the analysis is done separately for four modes: bicycle, pedestrian,
transit and car. Based on the data and the literature, a power function is chosen to describe the shape of the data as:Table 5
Parame
X
Time
Trip-
Tota
Tota
Time
Trip-
Tota
Tota
Time
Trip-
Tota
Tota
Time
Trip-
Tota
Totay ¼ a  xb ð1Þter estimates of a power function for different explanatory variables and modes.
Mode Parameter estimates r-Squared
a p-value b p-value
-based mode share Bicycle 0.13 0.19 1.31 0 0.72
based mode share 0.3 0.6 1.25 0.04 0.45
l time traveled (h) on bicycle 2296 0 0.36 0.05 0.41
l number of trips on bicycle 2696 0 0.34 0.15 0.24
-based mode share Pedestrian 2.72 0.56 0.45 0.47 0.06
based mode share 5.04 0.17 0.29 0.58 0.05
l time 18.77 0.11 0.06 0.67 0.02
l trip 6.72 0.23 0.02 0.83 0.006
-based mode share Transit 0.04 0 1.09 0.01 0.64
based mode share 0.03 0 1.09 0.01 0.57
l time 42.66 0.16 0.36 0.12 0.27
l trip 34.02 0.27 0.33 0.22 0.18
-based mode share Car 42.05 0 2.19 0.08 0.34
based mode share 30.44 0 1.59 0.16 0.23
l time 75.83 0.14 0.15 0.44 0.08
l trip 28.86 0.29 0.08 0.71 0.02
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variable, and a and b are estimated coefficients.
Table 5 presents the parameter estimates and the corresponding r-squared values for the power functions, which describe
the injuries per total time traveled using the four explanatory variables for all modes.
Initially we will focus on the bicycle mode. Table 5 suggests that using time-based mode share is better in explaining the
variation in the data across the different locations compared with using absolute quantities of total time traveled or total
number of trips. The absolute quantities explain some of the differences in travel injury risk across the different locations,
as observed by the r squared values of 0.41 and 0.24 for total time traveled and total number of trips respectively. However,
time-based mode share proves to be better in explaining these variations as evidenced by the significantly greater r-squared
value of 0.72. Both parameters a and b remain significant when the time-based mode share is used as the explanatory vari-
able. The mode share was found to provide greater explanatory power than the absolute quantities for all other modes as
well. For the transit and car modes this is evidenced by the high r-squared values along with the low p-values on the two
parameter estimates indicating that the explanatory power of the time-based variables are high.
In addition, comparing a time-based mode share with a trip-based one shows that the former is significantly more pow-
erful as an explanatory variable as evidenced by the higher r-squared. This was also found to be the case for most other
modes. As a side note, the estimate of b has a negative sign (except for cars) implying that as the time-based mode share
increases, the injuries per time exposed decrease, supporting the safety in numbers conjecture. The results show that the
choice of time-based mode share to explain the differences in travel injury risk across different counties is effective, and
should be used instead of the classical variables of absolute quantities. Similar conclusions can be drawn for the remaining
three travel modes. Focusing on the time-based mode share for these three modes, the estimate of b has a negative sign for
pedestrian and transit as well, implying that the safety in numbers conjecture might hold for these two modes as well. How-
ever, the car mode has a positive estimate for the value of b, (with a low p-value), suggesting that as the car mode share
increases the travel injury risk increases as well. This is reasonable since if there are relatively more cars on the roadways
the chances of two colliding with each other would increase.6. Conclusions
This paper qualitatively and quantitatively discusses how the multi-modal travel injury risk can change when different
exposure metrics are used. While the qualitative arguments focus on time-based, trip-based and distance-based metrics,
quantitatively only the time-based and trip-based metrics are presented. It is argued that a time-based metric could better
capture the different travel risk characteristics of different modes. The results of the quantitative work show that using dif-
ferent exposure metrics does significantly alter the relative risk of different modes. Evidence that a time-based metric better
reflects the perceived travel injury risk is also presented.
This paper looks at data aggregated at a county level. This method is chosen to highlight the differences of using time, trip
or distance based exposure metrics when evaluating the safety of different modes at different counties. The models devel-
oped are meant to highlight the differences of using time-based or trip-based metrics when comparing the safety of different
modes rather than using these models for predicting travel injury risk. At the individual link level the safety of different
modes could be different than those predicted in this paper simply due to the specific mode mixture of the links and the
existing facilities for these different modes.
The quantitative results also show that a time-based mode share is a powerful explanatory variable to use when evalu-
ating risk of a given mode across different counties. Comparison of travel injury risk data across ten counties using different
explanatory variables shows that time-based mode share often has the highest explanatory power for differences in travel
injury risk across locations. This does not imply that mode share is the sole explanatory variable for comparing travel injury
risk across different locations; however it does imply that the explanatory power is greater than the absolute variables cov-
ered in the literature. The time-based mode share metric quantifies the presence of other modes on the roadway and allows
for the number of users relative to the overall traffic mix to determine risk. To further generalize these findings, a future
effort could test these insights against an independent dataset, preferably from a different state or country. Historically it
has been difficult to obtain an accurate estimate of total time traveled by a given mode. Recent technological advances
are increasing the reliability and availability of such data due to the use of mobile probes for transportation data collection.
As the penetration of these mobile probes increases, and more accurate data on travel behavior and travel time of individuals
are commonly collected, it is important to utilize the added value of such data to quantify travel injury risk. Once such data
become more readily available, the authors believe that using total time traveled as the exposure metric when looking at
multi-modal travel injury risk would provide a better knowledge-base for transportation professionals and decision makers
to improve safety across multiple modes.References
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